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Abstract—In this paper, we investigate the network utility
maximization problem in a dual-functional radar-communication
multi-unmanned aerial vehicle (multi-UAV) network where multi-
ple UAVs serve a group of communication users and cooperatively
sense the target simultaneously. To balance the communication
and sensing performance, we formulate a joint UAV location,
user association, and UAV transmission power control problem
to maximize the total network utility under the constraint of lo-
calization accuracy. We then propose a computationally practical
method to solve this NP-hard problem by decomposing it into
three sub-problems, i.e., UAV location optimization, user asso-
ciation and transmission power control. Three mechanisms are
then introduced to solve the three sub-problems based on spectral
clustering, coalition game, and successive convex approximation,
respectively. The spectral clustering result provides an initial
solution for user association. Based on the three mechanisms,
an overall algorithm is proposed to iteratively solve the whole
problem. We demonstrate that the proposed algorithm improves
the minimum user data rate significantly, as well as the fairness
of the network. Moreover, the proposed algorithm increases the
network utility with a lower power consumption and similar
localization accuracy, compared to conventional techniques.
Keywords: multi-UAV network, dual-functional radar-
communication, user association, power control, joint
communication and radar sensing
I. INTRODUCTION
Unmanned aerial vehicle (UAV) is regarded as an important
component for future mobile networks that can provide both
ubiquitous communication [1] and radar sensing functions,
thanks to its flexible on-demand deployment [2] and freedom
in trajectory design [3]. Particularly in the emergency situa-
tions, such as disaster relief or battlefield, UAVs can not only
provide instant communications for users [4], but also localize
targets or sense the environment to avoid obstacle and potential
attack [5].
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Although the advantages of a single UAV have been demon-
strated in enhancing the performance of wireless networks
[8]–[10], it has limited capability in general and may not
satisfy the communication requirement due to the size, weight,
and power (SWAP) constraints [11]. Besides, in single-site
positioning, multiple distance measurements from a single
UAV on same targets may lead to large accumulated errors [6].
A multi-UAV system can potentially overcome these problems.
Recently, a promising technique is proposed to enable high-
performance communication and sensing via the multi-UAV
network [7]. There have been many works aiming to enhance
the performance of multi-UAV networks from the perspective
of communications [11]–[13] or sensing [15]–[18], separately.
For communications, the user scheduling and association,
UAV trajectory, and transmission power were jointly optimized
in a multi-UAV enabled downlink wireless communication
system in [11]. To efficiently solve the mixed integer non-
convex optimization problem, an iterative algorithm was pro-
posed. In [12], a joint user association and power control
framework was presented for downlink transmission in UAV-
enabled cellular networks, where the matching theory and
successive convex approximation (SCA) were utilized to solve
the user association subproblem and power control subproblem
iteratively. In [13], the authors proposed a utility-aware trans-
mission protocol for a UAV-assisted communication system
to maximize the UAV utility, where a single UAV serves
multiple heterogeneous users. For radar sensing, based on
chaotic ultra wide band-multiple input multiple output (UWB-
MIMO) waveform, a cognitive detect-and-avoid radar system
was designed to assist autonomous UAV navigation in [15]. In
[16], a distributed UAV path optimization algorithm based on
the gradient descent method was developed to improve angle
of arrival (AOA) target localization performance. In [17], a
cooperative network platform and system architecture of multi-
UAV surveillance was proposed, based on which the resource
scheduling and task assignment scheme was designed. Fur-
thermore, in [18], the authors put forth the idea of dynamic
radar network composed of UAVs for tracking malicious UAVs
with high accuracy. However, due to the SWAP constraints for
UAVs, it is challenging to install both communication system
and radar system. Meanwhile, deploying a large number of
UAVs, in which some provide communication services while
the others perform radar sensing, will not only introduce
co-channel interference between communication systems and
radar systems, but also increase the resource consumption.
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Joint communication and radar sensing (JCAS) [26]–[28],
also known as dual-functional radar-communication (DFRC)
[22]–[25], can be a potential solution to these problems. In
DFRC, a single transmitted signal is used, and a majority of
hardware and signal processing are shared between commu-
nication and radar. Thus, the payload and resource usage can
be minimized. In [22], the authors developed a dual-function
system with joint radar and communication platforms, where
sidelobe control of the transmit beamforming was utilized to
enable communication links. In [23], the authors proposed to
use a single transmitter with multiple antennas to commu-
nicate with downlink cellular users and detect radar targets
simultaneously. In [24], the authors studied the performance
trade-off between radar and communication, and proposed a
DFRC MIMO system to minimize the downlink multiuser
interference under both a constant modulus constraint and a
similarity constraint with respect to referenced radar signals. In
[25], the authors developed a beampattern to enhance the radar
sensing performance while guaranteeing the performance of
the downlink communications for the DFRC system. In [26],
an OFDM system for simultaneous radar and communication
operations was designed, and the characteristics of OFDM
signals were utilized in radar processing to overcome the
typical drawbacks of correlation based processing. In [27], a
novel multibeam framework that allows seamless integration
of communication and sensing was proposed. In [28], the
authors developed closed-form solutions for optimizing the
coefficients in the analog antenna arrays to generate a multi-
beam for joint communication and radio sensing. Besides,
the authors in [40] proposed a new technique for embed-
ding communication information into MIMO radar waveform
via sparse antenna array. In [41], the authors investigated
the power minimization issue in DFRC system via joint
subcarrier assignment and power allocation. Then in [42],
the authors proposed an efficient algorithm to minimize the
transmitting power under the constraints of target detection
performance and information rate. Furthermore, in [43], the
wireless powered DFRC system was studied. In the system, an
energy minimization problem was formulated, and the optimal
solution was obtained by using semidefinite relaxation and
auxiliary variable methods.
By leveraging the advantages of multi-UAV network and
DFRC systems, the performance of communications and radar
sensing can be improved with reduced resource consumption.
However, a number of important issues need to be addressed,
such as the UAV locations, transmission power allocated to
each UAV. In this paper, we study a general multi-UAV
enabled DFRC system, where multiple UAVs are employed to
simultaneously serve a group of communication users in a giv-
en area and cooperatively sense the target area. In particular,
we investigate the deployment and resource allocation schemes
for the multi-UAV network to improve the communication
performance under required radar sensing performance.
We assume that the UAVs act as aerial relays and pro-
vide communication links for the ground users, using the
predesigned DFRC waveform. In the meantime, they receive
the echos of the DFRC waveform and perform radar detection
to sense the target area. Since the UAVs work in a cooperative
way, they can be viewed as a distributed MIMO radar such
that the object in the target area can be localized. Without
loss of generality, we consider that all UAVs share the same
frequency band.
Focusing on the downlink transmission from the UAVs to
ground users with required localization accuracy for radar
sensing, we aim at maximizing the network utility under
the Cramer-Rao bound (CRB) constraint of localization by
jointly optimizing the UAV locations, user association, and
the transmission power. The network utility metric takes both
fairness and total data rate into consideration, and is more
appropriate than the pure data rate metric in ad-hoc type of
networks such as the multi-UAV network here [31]. Such a
joint optimization problem is practically appealing, but has
not been investigated in the literature to our best knowledge.
On one hand, by properly designing the locations of UAVs and
user association, the co-channel interference can be effectively
alleviated, thus increasing the network utility. On the other
hand, by optimizing the transmission power based on the
designed UAV locations, not only the co-channel interference
can be decreased, the localization accuracy requirement for
radar sensing can also be satisfied. However, such a joint UAV
location, user association and transmission power optimization
problem is non-trivial to solve. This is because the UAV
location, user association, and transmission power are coupled
with each other in our considered problem. In this paper, we
propose to firstly utilize a spectral clustering method to cluster
users into different groups, and design the UAV locations
accordingly. Then, user association and the transmission power
are optimized by fixing each other iteratively. For user asso-
ciation with fixed transmission power, a coalition formation
game is utilized, while for transmission power with fixed user
association, we apply the successive convex approximation
(SCA) technique to solve it approximately.
The main contributions of this paper can be summarized as
follows.
(1) We introduce a DFRC multi-UAV network (DFRC-MUN)
where multiple UAVs simultaneously serve a group of
communication users and cooperatively sense the targets.
We propose a multi-UAV cooperatively communication
and radar sensing protocol, and formulate a joint UAV
location, user association, and UAV transmission power
optimization problem to maximize the network utility
under the CRB constraint of localization accuracy.
(2) We propose a sub-optimal method to solve the formulated
NP-hard problem. Firstly, we apply the spectral clustering
method to cluster users and determine the UAV locations
accordingly. The clustering result provides an initial user
association strategy. Then we decompose the joint user
association and UAV transmission power optimization
problem into two sub-problems and solve them alter-
nately. For the user association sub-problem, we utilize
the coalition formation game to determine the set of
users served by each UAV. For the UAV transmission
power optimization sub-problem, the SCA technique is
introduced as a solution.
(3) We compare the network utility as well as minimum









Fig. 1. System model of DFRC-MUN
with conventional schemes and a state-of-the-art scheme
through simulation. Results validate the effectiveness of
the proposed algorithm, and show that the proposed
algorithm is able to converge within only a few iterations
and significantly improve the minimum user rate and
network utility with lower power consumption and similar
localization accuracy.
The rest of this paper is organized as follows. In Section
II, we present the system model of DFRC-MUN and the
preliminaries. In Section III, we formulate a problem to
maximize the total network utility by jointly optimizing UAV
locations, user association, and UAV transmission power. The
proposed optimization algorithms are presented in Section IV,
followed by the overall algorithm and convergence analysis.
Simulation results are presented in Section V. In Section VI,
we conclude the paper.
Notations: Unless otherwise specified, matrices are denoted
by bold uppercase letters (i.e., Λ), bold lowercase letters are
used for vectors (i.e., p), scalars are denoted by normal font
(i.e., λi,k), log(·) represents the logarithm based on e. (·)T
stands for transpose.
II. SYSTEM MODEL
In this section, we first describe the DFRC-MUN, where
multiple UAVs simultaneously provide downlink communica-
tions for ground users and act as distributed MIMO radars.
Subsequently, we introduce the preliminaries for both com-
munication channel model and MIMO radar.
A. System Description
We consider a DFRC-MUN as shown in Fig. 1, which
consists of one central station (CS), K UAVs, with the set
denoted by K = {1, 2, · · · ,K}, and N ground users, with
the set denoted by N = {1, 2, · · · , N}. The CS broadcasts
the communication information to all UAVs via DFRC sig-
nals. The UAVs then relay the signals from CS to provide
downlink communication to ground users. Meanwhile, the
UAVs cooperatively perform radar sensing using the downlink
DFRC signals. Following the assumption in [11], all UAVs
UAV 1 UAV 2CS
Determine the UAV locations, user 
association, and UAV transmission power
Broadcast the downlink 


















Cooperatively perform radar sensing as distributed 
MIMO radar
Detect the target based on the 
sensing information from multiple 
UAVs
Fig. 2. Multi-UAV cooperatively communication and radar sensing protocol
are assumed to fly at a fixed altitude H above ground, and
the horizontal coordinate of each ground user n is fixed
at [un, vn]. To fulfill the varied requirements of users, we
assume that the UAV locations, user association, and UAV
transmission power are adjusted periodically, at an interval in
the order of sub-second, according to the instructions of the
CS. Note that the locations of both UAVs and ground users are
assumed to remain almost unchanged during the short period;
thus, the channel remain nearly unchanged, making it possible
to obtain channel state information via channel estimation
based on the pilot signals received before. Furthermore, thanks
to the development of power management integrated circuits
[47], the UAV transmission power can also be optimized based
on the channel state information.
The detailed multi-UAV communication and radar sens-
ing protocol that simultaneously supports communication and
sensing is illustrated in Fig. 2. In each time slot, the CS
first determines the resource allocation strategy and delivers
the instructions to each UAV. It then sends downlink signals
to UAVs via DFRC waveform. Afterwards, the UAVs relay
the signals to users according to the instructions. Each UAV
communicates with its serving users via frequency division
multiple access (FDMA). Meanwhile, the UAVs perform radar
sensing using their transmitted signals, i.e., each UAV receives
the echo signals that are transmitted by itself as well as
any other UAV and directly reflected by targets. Since the
instructions and signals are both broadcasted to all UAVs, we
assume that the signals transmitted by each UAV are known
to the other UAVs and stored as the template signals. The
received signals are then combined with the template signals
by a mixer to obtain sensing information. More specifically,
the distance and radial velocity information can be retrieved
from the propagation delay and phase differences among
different received signal sequences, respectively. Finally, all
UAVs upload the sensing information to the CS, and the
CS determines the relative locations of targets with respect
to UAVs. In this sense, the spatial diversity of the targets’
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radar cross section (RCS) can be captured by UAVs, and the
spatially distributed antennas among all UAVs can be viewed
as a distributed multiple-input multiple-output (MIMO) radar
[18]. An explicit method to jointly estimate the target position
and velocity for distributed MIMO radar system was proposed
in [50], which is also applicable to our considered DFRC-
MUN. Note that the locations of UAVs can be obtained via
Global Navigation Satellite System; thus, the locations of
targets can be determined. For more details of multi-UAV radar
sensing network, we refer readers to [18].
Remark 1. In this paper, we mainly consider the radar
sensing based localization. There also exist some other tech-
niques for localization, such as received signal strength (RSS)
based localization. The advantage of radar based localization
over other techniques is its insensitivity to multi-path and
weather impacts, thanks to the pulse compression techniques
[18]. Therefore, the DFRC-MUN considered in this paper is
applicable to localizing both aircrafts and ground vehicles. For
the former case, there exist no obstacles; while for the latter
case, the propagation path of radar signals is also dominated
by Line-of-Sight (LoS) links.
Remark 2. As a DFRC system, it is required that all
UAVs are able to simultaneously transmit DFRC signals
and receive echo signals. In other words, the full-duplex
transmission/reception capability is required. Although the
signals transmitted by UAVs are data-bearing, the data are
not required for radar signal processing. Therefore, the full-
duplex implementation required in this paper is the same as
that for conventional radar system. There have been many
works for self-interference mitigation in the field of radar
signal processing. Moreover, practical measurements have
been done in [49], which validated that the performance of
OFDM radar can be efficiently improved by combining passive
isolation [45] and active self-interference cancellation [46].
The techniques are also applicable to our considered DFRC-
MUN.
The role of the CS is two-fold. On one hand, to miti-
gate the co-channel interference to ground users as well as
guaranteeing location accuracy, the CS optimizes the resource
allocation strategy. On the other hand, the CS collects the
sensing information from all UAVs and performs radar signal
processing to achieve high resolution.
To improve the communication performance in terms of
network utility as well as guaranteeing location accuracy, in
this paper, we study the optimization of UAV locations, UAV
transmission power, and user association, i.e., determining the
sets of ground users that are served by different UAVs. To
specify the user association, we define a K × N indicator
matrix Λ, where the element at the kth row and nth column is
denoted as λk,n. The assignment index λk,n indicates whether
user n is served by UAV k or not:
λk,n =
{
1, if user n is served by UAV k;
0, otherwise.
(1)
We assume that each UAV is able to serve multiple users,
while each user is only served by one UAV, which yields the
following constraints
λk,n ∈ {0, 1}, ∀n ∈ N , ∀k ∈ K, (2)
K∑
k=1
λk,n = 1, ∀n ∈ N (3)
The transmission power set of all UAVs is denoted by p =
[p1, · · · , pK ]T , where the kth element represents the power of
UAV k. And the horizontal coordinates of UAVs are denoted
by [x, y] = [x1, · · · , xK ; y1, · · · , yK ]T , where the kth row,
[xk, yk], denotes the coordinate of UAV k.
B. Preliminaries
Before determining the user association and transmission
power, the CS needs to obtain the channel state information
(CSI) between UAVs and users to improve the communication
performance. Note that the system considered in this paper is
a quasi-static network, such that the communication channels
between UAVs and users are quasi-static; thus, the acquisition
of CSI can be achieved via channel estimation techniques
based on the pilot signals received before. For the case that
the CSI is imperfect, robust power control [37] can be utilized
to guarantee the performance. Moreover, thanks to the high
altitude of UAVs, the communication channels between UAVs
and ground users are largely dominated by LoS links, and the
impact of multi-path channel on CSI as well as communication
performance decreases with the increase of UAV altitude.
Therefore, for simplicity, we assume that the communication
links from the UAV to the ground users are dominated by the
LoS links where the channel quality depends mainly on the
UAV-user distance [11]. Also note that in radar sensing, the
localization is based on the round trip delay estimation of echo
signals directly reflected from the target, and the impacts of
multi-path propagation can be mitigated via pulse compression
technique. Therefore, free-space path loss model is applicable
to both communications and radar sensing. The channel gain
from UAV k to user n follows the free-space path loss model,






where ρ0 denotes the channel power at the reference distance
d0 = 1 m, and dk,n is the distance from UAV k to user n,
which can be expressed as
dk,n =
√
H2 + (xk − un)2 + (yk − vn)2. (5)
Note that the network utility model was applied to define
the fairness in multiple resource-allocation problems in [31].
In this paper, a proportionally fair network utility optimization
framework of maximizing the sum log-utility across all the
users [19] is adopted. Assuming constant channels and flat
transmission power spectral density, for a given set of users
associated with one UAV, the round-robin scheme among these
users is the proportionally fair schedule [20]. Therefore, we
assume that each user served by the same UAV is assigned
equal bandwidth. The load of UAV k is represented by the




n∈N λk,n. The effective rate of user n associated with




log2(1 + Γk,n), (6)
where B represents the total bandwidth, and Γk,n represents
the signal-to-interference-and-noise ratio (SINR) of the signal
received by user n from UAV k under the free-space path loss









where N0 denotes the noise power spectral density, and pk
denotes the transmission power of UAV k. The utility is
calculated as U(Rn) = log(RKn,n) [19], where Kn denotes
the index of the UAV serving user n, and (RKn,n) denotes the
data rate of user n.
As for radar sensing, a target with a center of mass located
at position (xt, yt) is assumed [21], and the UAVs attempt
to localize and track the target cooperatively. The variation
in the location of the target center and the size of target, as
viewed by the UAVs, are assumed to be small with respect
to the UAV system resolution capabilities. The UAV system
is tracking the target’s location and has coarse estimates for
unknown parameters, such as the target radar cross-section,
from previous cycles. The search cell is confined to (xt ±
δc/B, yt ± δc/B), where δ is an integer, c is the speed of
light, and B is the signal bandwidth, as defined in [29].
The baseband representation of the signal received at UAV
n and transmitted from UAV m is
rm,n(t) =
√
pmαm,nlm,nsm(t− τm,n) + w(t), (8)
where αm,n is the target RCS, lm,n represents the signal
strength variation due to path loss effects, τm,n denotes the
propagation time of the signal transmitted by UAV m, reflected
by the target, and received by UAV n, and w(t) ∼ CN (0, σ2w)
represents circularly symmetric complex Gaussian white noise.
For the unbiased (or asymptotically unbiased) parameter
estimator in radar sensing, the CRB could provide a lower
bound for the mean square error (MSE). The MSE of the
maximum likelihood estimator approaches the CRB when the
SNR is sufficiently large [30]. It was demonstrated in [21]
that the CRB on the sum of the MSEs for the target location





where p is a vector denoting the UAV transmission powers,
b = (ga+gb), A = gagTb −gcgTc , ga = [ga1 , ga2 , · · · , gaK ]T ,














































In the above equations, K is the number of UAVs, ξ =
8π2B2
σ2wc
2 , and Rm,t is the distance from UAV m to the center
of search cell (xt, yt). To achieve an accurate localization, the
localization CRB needs to be smaller than a given localization
accuracy threshold ηmax, which can be formulated as
σ2x,y(p) ≤ ηmax. (13)
Note that the UAV transmission power affects both the
communication and radar sensing performance. Therefore, we
need to carefully design the UAV transmission power.
III. PROBLEM FORMULATION
In this section, we first formulate the joint UAV locations,
user association, and UAV transmission power optimization
problem. The optimization problem is shown to be NP-hard,
and hence it cannot be solved efficiently. We then propose
to solve the problem with a method composed of two steps:
1) we apply the spectral clustering to cluster the ground
users into several groups and determine the UAV locations
accordingly, and the clustering result also provides an initial
user association strategy; 2) we then solve the derived joint
user association and UAV transmission power optimization via
decomposing the problem into two sub-problems, and solve
them iteratively.
A. Basic Problem Formulation
By assuming that the locations of the ground users are
known, our goal is to maximize the network utility under the
localization CRB constraint by jointly optimizing the UAV
locations (i.e., x and y), user association (i.e., Λ), and UAV













s.t. pmin ≤ pk ≤ pmax, ∀k ∈ K (14a)
λk,n ∈ {0, 1}, ∀n ∈ N , ∀k ∈ K, (14b)
K∑
k=1
λk,n = 1, ∀n ∈ N (14c)
σ2x,y(p) ≤ ηmax, (14d)
where Σu denotes the network utility, and the constraint (14a)
limits the UAV transmission power. Note that the minimum
power pmin is set as a positive number to guarantee that each
UAV is able to serve the users as well as locating the target.
Problem (14) is challenging to solve due to the following
two main reasons. On one hand, the optimization variable Λ
for user association is binary, i.e., (14b) and (14c) involve
integer constraints. On the other hand, even with a fixed
user association, the problem is still non-convex with respect
to the UAV locations x, y and/or UAV transmission power
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variable p. Therefore, (14) is a mixed-integer non-convex
problem, which is difficult to solve in general. Note that
the optimal solution is hard to obtain even via exhaustive
searching, since the UAV locations and transmission power
are continuous variables, and the problem is non-convex with
respect to them. To address such a challenging problem, we
propose to decompose the original problem into three sub-
problems and optimize them in a sequential way. Although
the three subproblems are not equivalent to the original one,
the decomposition leads to sub-optimal but effective solutions
to the originally intractable problem.
B. Problem Decomposition
To solve the problem (14) efficiently, we first determine the
UAV locations by applying the spectral clustering mechanism
[32] to cluster ground users into several groups according
to their location relations. The location of each UAV is
determined according to its associated user group. Subse-
quently, we decompose the derived joint user association and
UAV transmission power optimization problem into two sub-
problems, i.e., user association sub-problem and UAV trans-
mission power control sub-problem. In the user association
sub-problem, the UAV transmission power is considered to be












s.t. λk,n ∈ {0, 1}, ∀n ∈ N , ∀k ∈ K, (15a)
K∑
k=1
λk,n = 1, ∀n ∈ N . (15b)
With the user association indicator matrix Λ? being deter-













s.t. pmin ≤ pk ≤ pmax, ∀k ∈ K (16a)
σ2x,y(p) ≤ ηmax. (16b)
IV. PROPOSED ALGORITHM
In this section, we solve the optimization problem (14) and
determine the UAV locations, user association, and UAV trans-
mission power such that the network utility can be maximized
under the constraint of the required localization CRB. First,
we propose a cluster-based mechanism to adaptively divide
users into different groups, based on which the UAV locations
are determined. Subsequently, we iteratively solve the sub-
problem (15) and (16) to determine the user association and
UAV transmission power. Specifically, we model the user
association sub-problem (15) as a coalition game, while a
SCA-based algorithm is presented to iteratively solve the UAV
transmission power optimization sub-problem (16).
A. UAV Locations and Initial User Association Determination
As can be readily seen from (14), optimizing the UAV
locations to maximize the total network utility is an NP-
hard problem. We propose to utilize the spectral clustering
mechanism to determine the UAV locations. Since the commu-
nication links from the UAV to the ground users are dominated
by the LoS links, the key factor that impacts the co-channel
interference is physical distance separation of ground users.
Therefore, we utilize the location similarities to group ground
users based on the spectral clustering algorithm [32].
Algorithm 1 Spectral Clustering for Clustering Ground Users
and Determining UAV Locations
Input: Number K of clusters to construct, number N of
ground users, locations u, v of N ground users.
1: Compute the Gaussian distance similarity matrix S using
(17).
2: Compute the diagonal degree matrix H with diagonal
elements (d1, · · · , dN ), where di =
∑N
j=1 si,j .
3: Compute the normalized Laplacian matrix Lsym =
H−1/2(H − S)H−1/2.
4: Find the K eigenvectors e1, · · · , eK of Lsym correspond-
ing to the K smallest eigenvalues.
5: Let U ∈ RN×K be the matrix containing the vectors
e1, · · · , eK as columns.
6: Form the matrix T ∈ RN×K from U by normalizing the





7: For i = 1, · · · , N , let oi ∈ RK be the vector correspond-
ing to the i-th row of T .
8: Cluster (oi)i=1,··· ,N with the k−means algorithm into
clusters C1, · · · , CK .
9: Determine the UAV locations as the centers of the clusters.
Output: Locations x,y of K UAVs, initial user association
results.
To find locally coupled users in terms of distance, let S
denote the Gaussian distance similarity matrix, representing
the similarities among ground users based on their geographi-
cal locations. The (n1, n2)-th element of the matrix S, sn1,n2 ,
denotes the similarity among user n1 and user n2 in terms of
their geographical locations, and is calculated as follows [33]
sn1,n2 = exp
(
− (un1 − un2)




where the parameter σd controls the impact of neighborhood
size. The rationale in (17) reflects that the distance similarity
increases as the users come closer to each other and are more
likely to be served by one UAV. We then utilize the spectral
clustering algorithm to form clusters of ground users based
on their Gaussian distance similarity matrix and determine
the locations of UAVs based on the centers of the obtained
clusters, as specified in Algorithm 1.
An example of the UAV locations and initial user asso-
ciation result is shown in Fig. 3. Conventionally, the UAVs
are uniformly placed in the whole region, and the users are
associated with the UAV which corresponds to the maximum
SNR, i.e., the UAV which is the closest to them. As can be
7
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(b) UAV locations based on conventional mechanism(a) UAV locations based on spectral clustering
Fig. 3. An example of the UAV locations and initial user association based on spectral clustering and conventional mechanism
TABLE I
ACHIEVED NETWORK UTILITY AND TOTAL DATA RATE WITH DIFFERENT





Achieved network utility 336.29 323.84
Achieved data rate (Mb/s) 498.6 233.5
seen from Fig. 3(a), for the clustering-based mechanism, the
numbers of users associated with different UAVs are more
uniform, i.e., the load of each UAV is more balanced such
that the bandwidths allocated to each user are more balanced,
thus enhancing the fairness among different users, while for
the conventional mechanism, as shown in Fig. 3(b), the load of
each UAV is quite imbalanced. The achieved network utility
and total rate of all users are shown in Table I. As can be
seen, the performance of spectral clustering based mechanism
outperforms that of conventional fixed mechanism.
B. User Association based on Coalition Game
For any given UAV transmission power p, the user as-
sociation sub-problem (15) is a binary integer programming
problem, and is hard to solve. A straightforward and efficient
method is to assign users to the UAV associated with the
maximum SNR [48]. However, according to (6), the effective
rate is also affected by the choice of other users. Therefore, we
formulate a coalition game [34] to handle the user association
sub-problem.
Definition 1. (Coalition Game:) Let θk denote the coalition
k, i.e., the set of users associated with UAV k, and Uk,n denote
the utility of user n in coalition θk. The coalition game is then
defined as (Θ, U,K,N ), where Θ = {θ1, θ2, · · · , θK} is the






Since the UAVs serving a small number of users can spare
more resources, by transferring some users from heavy-loaded
UAVs to light-loaded UAVs, the utility of these users can
be improved, thus potentially improving the whole network
utility. Based on the utilitarian order in the coalition formation
game model [35], we introduce the rule for transferring the
user n from coalition θi to θj as follows [12]





j) > Ui(θi) + Uj(θj), (20)
where θ′i and θ
′
j represent the coalition after the transferring.
The first condition guarantees that the utility of user n is not
decreased, and the second condition guarantees that the total
utility of network is improved. In case there are multiple users
satisfying the transferring rule, the user to be transferred is
selected so that the total network utility is maximized.
Theorem 1. Under the utilitarian order, the constructed
coalition game reaches a stable coalition structure.
Proof: It can be seen from the system model that the
number of game participants is finite in the constructed coali-
tion game, thus the number of possible transfers is limited. In
addition, in the transferring process, the total network utility
is monotonically increased. Therefore, the coalition game is
guaranteed to converge to a coalition equilibrium structure. A
more detailed demonstration process can be found in [36].
C. UAV transmission power Control based on Successive
Convex Approximation
For any given UAV locations as well as user association
{Λ,x, y}, the UAV transmission power control sub-problem
(16) is non-convex. To simplify the objective function, we
introduce an auxiliary variable χ = {χ1, · · · , χN}, and the






s.t. χn ≤ B
∑
k
ρk,nlog2 (1 + Γk,n) , (21a)
σ2x,y(p) ≤ ηmax, (21b)
pmin ≤ pk ≤ pmax, (21c)
where ρk,n = λk,n/βk. However, problem (21) is still a non-
convex optimization problem due to the non-convex constraint
(21a), and it is in fact NP-hard for a general N . To handle the
non-convex constraint (21a), we apply the successive convex
approximation technique [37].
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First, we introduce the auxiliary variable pk = eqk and
relax the constraint (21b) as in [21]. Thus, the problem (21)














b− ηmaxAq̃ ≤ 0, (22b)
log(pmin) ≤ qk ≤ log(pmax), (22c)
where q̃ = [eq1 , eq2 , · · · , eqK ]T , and the intermediate variable






Following the development of (19) of [38], we have the
following inequality
log(1 + z) ≥ ζlog(z) + φ, (24)










By introducing superscripts (l) and (l+ 1) to represent the
value of variables at the lth and (l+ 1)th iteration, we obtain








































k,n). Similarly, by applying first-order Taylor


































b ≤ ηmaxAq̂(l+1), (28b)
log(pmin) ≤ qk ≤ log(pmax), (28c)















Theorem 2. Problem (28) is a convex optimization problem.
Proof: It can be readily seen that the constraints (28b)
and (28c) are convex. Therefore, we focus on the convexity






























is a concave function since the log-sum-
exponential function is convex [39]. Meanwhile, the objective
function (28) is concave, because it is a combination of mul-
tiple concave functions. Therefore, problem (28) is a convex
optimization problem.
Thus, the UAV transmission power control sub-problem (16)
can be solved via the SCA algorithm.
D. Overall Algorithm and Convergence
Based on the algorithms presented in the previous three
subsections, we present an overall algorithm for solving prob-
lem (14). Specifically, we first utilize the spectral clustering
mechanism to cluster the group users in order to determine the
locations of UAVs and the initial user association schemes.
Then, the user association Λ and UAV transmission power
p are alternately optimized by solving sub-problem (15) and
(16) correspondingly, while keeping the other variable fixed.
Furthermore, the obtained solution in each iteration is used
as the input of the next iteration. The details of the overall
algorithm is summarized in Algorithm 2.
In what follows, we prove the convergence of the overall
algorithm.
Theorem 3. The proposed overall algorithm is convergent.
Proof: First, we consider user association in the (l+ 1)th
iteration. Note that the user association and its corresponding
network utility will not be updated unless the network utility
obtained in the coalition game is larger than the current
network utility. Therefore, we have
U(Λ(l+1),p(l)) ≥ U(Λ(l),p(l)), (30)
where U(·) denotes the network utility with the corresponding
parameters.
When solving the UAV transmission power control sub-
problem, the optimal power control p(l+1) with C(l+1) is
asymptotically obtained via SCA. Thus we have
U(Λ(l+1),p(l+1)) ≥ U(Λ(l+1),p(l)), (31)
Therefore, in the (l + 1)th iteration, we have
U(Λ(l+1),p(l+1)) ≥ U(Λ(l+1),p(l)) ≥ U(Λ(l),p(l)),
(32)
i.e., the objective function is non-decreasing. Also note that the
network utility is upper-bounded by a finite value. Therefore,
the overall algorithm is convergent.
Remark 3. The computational complexity for solving the
problem (14) based on Algorithm 2 is briefly discussed here. It
mainly consists of three parts. Specifically, the complexity for
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Algorithm 2 Overall Algorithm for solving problem (14)
Input: Locations u, v of N ground users, number K of clus-
ters to construct, number N of ground users, initial UAV
transmission power p(0), convergence threshold εc, εs, εo.
1: Initialize δc, δs, δo as a number larger than εc, εs, εo,
respectively.
2: Determine the locations of UAVs and initial user associa-
tion result Λ(0) based on Algorithm 1.
3: Calculate the initial network utility.
4: while δo > εo and the maximum iteration is not reached
do
Coalition Game
5: while δc > εc and the maximum iteration is not
reached do
6: Find the user n and coalition j that satisfy the
transferring rules (19) and (20).
7: Update the user association scheme and calculate
the increment δo of the network utility.
8: end while
Successive Convex Approximation
9: while δs > εs and the maximum iteration is not
reached do
10: Solve the problem (28).
11: Calculate the increment δs of the network utility.
12: end while
13: Calculate the increment δo of the network utility in
this iteration.
14: end while
Output: The locations x, y of UAVs, the user association
scheme Λ, the UAV transmission power p.
the spectral clustering based UAV location determination is
O(KN) [32]. For the coalition game based user association,
the complexity in each iteration is O(KN) [12]; thus, the
complexity of user association is O(LKN), where L is the
number of iterations. For the SCA based transmission power
control, as the approximated problem (28) is convex, the
complexity is polynomial over (K+N). To conclude, the total
computational complexity is polynomial over KN .
V. SIMULATION RESULTS
In this section, we evaluate the performance of the proposed
algorithms. The locations of the ground users are randomly
and uniformly distributed in a 2-dimension area of 2 km × 2
km. The simulation parameters are listed in Table II, where
the values of parameters related to UAV, i.e., the UAV alti-
tude, noise power, maximum transmission power, are selected
according to [11], and the channel power gain in [11] is also
adopted. The OFDM-based DFRC signals proposed in [44] are
adopted, and the bandwidth is set as 51.2 MHz. The magnitude
of the RCS α is assumed to be uniformly distributed between
0.8 to 1. Without loss of generality, the center of the extended
target is assumed to be (xt, yt) = (1000m, 1000m). To our
best knowledge, there has been no similar work reported where
the distributed DFRC system is considered. Therefore, we
compare our scheme with a conventional and general scheme
TABLE II
SIMULATION PARAMETERS
Center frequency 35 GHz [14]
UAV altitude H 100 m [11]
Noise power N0 -110 dBm [11]
Channel power gain at reference distance ρ0 -60 dB [11]
Bandwidth of each sub-channel 51.2 MHz [44]
Maximum UAV transmission power 20 dBm [11]
Minimum UAV transmission power 0 dBm
Localization accuracy threshold ηmax 25 cm2
Impact of neighborhood size σd 300
Coalition game convergence threshold εc, εs, εo 0.01
Maximum iteration number 10
Default number of UAVs 4
Default number of ground users 20

















Fig. 4. Total network utility v.s. iteration numbers (K = 4, N = 20).
where the locations of UAVs are fixed in a uniform way. In
addition, we also compare our scheme with the joint UAV
locations and user association optimization design in [48] to
show the effectiveness of the proposed algorithm. Specifically,
the performance of the following four algorithms are compared
with each other:
(1) “Fixed location + Fixed power”: the locations of UAVs
are uniformly distributed in the whole area. The users are
associated with the nearest UAV, and the UAV transmission
power is set at the maximum;
(2) “Dynamic location + Fixed power”: the locations of
UAVs and the user association schemes are determined based
on Algorithm 1, and the UAV transmission power is set at the
maximum;
(3) “Dynamic location + Dynamic power”: the locations of
UAVs, the user association schemes, and the UAV transmission
power are determined based on Algorithm 2.
(4) “[48] + Max power”: the locations of UAVs and the user
association schemes are determined based on the algorithm
proposed in [48], while the UAV transmission power is set at
the maximum to fulfill the requirement of localization.
Before performance comparison, we show the convergence
behaviour of Algorithm 2 in Fig. 4. It can be observed that
the total network utility achieved by Algorithm 2 is able to
converge in only a few iterations.
A. Performance with Various Numbers of UAVs
Fig. 5(a) depicts the total network utility under various
numbers of UAVs. As can be seen, the network utilities of
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Fig. 5. (a) Total network utility v.s. number of UAVs (N = 20). (b) Minimum
user data rate v.s. number of UAVs (N = 20).
all four schemes increase with UAVs due to the increase of
available resources. For the “Fixed position + Fixed power”
scheme, the increasing speed of the network utility decreases
with the increase of the number of UAVs. This is because the
co-channel interference increases with the number of UAVs,
especially for the case of fixed position and fixed power. While
for the schemes in which the UAV locations are dynamically
determined by Algorithm 1 and the algorithm proposed in
[48], the network utility increases more quickly. Moreover, the
network utility of dynamic power scheme outperforms that of
fixed power scheme since the co-channel interference problem
is addressed via power control.
In network utility maximization problem, one issue that
needs to be considered is the fairness, and the minimum user
data rate can also reflect the fairness of the network. In Fig.
5(b), we show the minimum user data rate under various
numbers of UAVs. Again, the minimum user data rates of
all four schemes increase with the number of UAVs, and the
schemes with UAV locations being dynamically determined
outperforms that with fixed position. As the number of UAVs
increases, the gap between the “Dynamic position + Dynam-
ic power” scheme and “Dynamic position + Fixed power”
scheme increases, which indicates the proposed algorithm can
improve the user fairness in the whole network. This is because
for a larger number of UAVs, power control is more desirable
to deal with the increasing co-channel interference. However,
the minimum user rate will not increase boundlessly, and it
will converge to a point where the balance of the adjusted
transmission power and number of UAVs is achieved. Note that
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[48] + maximum power
Fig. 6. (a) Total network utility v.s. number of ground users (K = 4). (b)
Minimum user rate v.s. number of ground users (K = 4).
although the network utility of the scheme in [48] outperforms
that of the “Fixed position + Fixed power” scheme, the
minimum user rate of the scheme in [48] is the lowest.
In Table III, the average transmission power per UAV
as well as the average CRB for localization under various
numbers of UAVs are shown. With the number of UAVs
increasing, the CRBs of all three schemes decrease due to
the increasing diversity gain of cooperative detection, and the
transmission power in the dynamic power scheme is decreased
to reduce the co-channel interference. Due to the reduction of
transmission power, the dynamic power scheme has slightly
larger CRB than the fixed power schemes. Meanwhile, the
CRBs of the four schemes are comparable, and they all satisfy
the localization accuracy constraint.
B. Performance with Various Numbers of Ground Users
Fig. 6(a) depicts the total network utility under various
numbers of ground users. As can be seen, the network utilities
of all four schemes increase almost proportionally with the
number of UAVs due to the increase of available resources,
which is consistent with the calculation of the total network
utility. Also, the performance of the dynamic power scheme
outperforms that of the fixed power schemes, and the dynamic
UAV location schemes outperform the fixed location one.
In Fig. 6(b), we show the minimum user data rate under
various numbers of ground users. As can be seen, the min-
imum user rate decreases with the number of ground users
increasing due to the increase of the load for each UAV; thus,
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TABLE III











3 100 / 22.0 100 / 12.0 85.5 / 13.0 100 / 18.0
4 100 / 17.0 100 / 8.0 82.8 / 9.8 100 / 17.0
5 100 / 7.3 100 / 6.6 80.8 / 8.3 100 / 5.9
6 100 / 5.6 100 / 3.8 81.0 / 5.1 100 / 4.8
TABLE IV











10 100 / 17.0 100 / 7.3 78.2 / 9.7 100 / 18.0
12 100 / 17.0 100 / 6.4 78.1 / 8.5 100 / 18.0
14 100 / 17.0 100 / 7.5 79.0 / 9.5 100 / 17.0
16 100 / 17.0 100 / 8.0 80.8 / 9.8 100 / 17.0
18 100 / 17.0 100 / 8.8 84.7 / 10.0 100 / 17.0
20 100 / 17.0 100 / 8.3 84.5 / 10.0 100 / 17.0
5 10 15 20 25 30 35 40 45 50































[48] + maximum power
Fig. 7. The CCDF curves of the user rates (N = 20, K = 4).
each user is allocated with a smaller bandwidth. Meanwhile,
the gap between fixed position scheme and dynamic position
scheme decreases with the number of ground users increasing.
This is because as the number of users increases, the diversity
gain between users and UAVs increases. And it is more likely
that the users are uniformly distributed in the whole region;
thus, the positions of UAVs play a less important role.
In Table IV, the average transmission power per UAV as
well as average achieved CRB for localization under various
numbers of ground users are shown. Again, it is shown that
the “Dynamic location Dynamic power” scheme maintains
comparable localization accuracy with the “Dynamic location
+ Fixed power” scheme with less transmission power con-
sumption.
C. Complementary Cumulative Distribution Function of the
Minimum Data Rate
In Fig. 7, we show the complementary cumulative distri-
bution function (CCDF) of the achieved user data rate of the
four schemes. It is shown that the user rates of the dynamic
UAV location schemes are significantly larger than those of
the fixed UAV location scheme, i.e., the proportion of users
with moderate to high data rates is larger under dynamic
UAV positions. Meanwhile, the low-rate users under “Dynamic
position + Dynamic power” achieve higher data rate than those
under “Dynamic position + Fixed power”, while for the high-
rate users, the opposite situation happens, which indicates
that the proportion of the users with moderate data rates is
larger under dynamic power. This phenomenon also validates
the effectiveness of the proposed SCA-based power control
algorithm and reveals the importance of UAV transmission
power control in improving the fairness in the whole network.
VI. CONCLUSION AND FUTURE WORK
In this paper, we studied joint UAV location, user asso-
ciation, and UAV transmission power control in a DFRC
multi-UAV network, where multiple UAVs are employed to
simultaneously serve a group of ground users for communica-
tions and cooperatively sense the targets. To address the co-
channel interference and maximize the total network utility,
we employed the techniques of spectral clustering, coalition
game, and successive convex approximation to optimize the
UAV location, user association and UAV transmission power,
respectively. We then presented an overall algorithm to jointly
optimize the three variables. Simulation results show that the
proposed algorithm improves the minimum user data rate sig-
nificantly and improves the fairness of the network. Moreover,
the proposed algorithm improves the network utility, compared
to conventional techniques.
The proposed system model and cooperative communication
and radar sensing protocol of DFRC-MUN in this paper can be
applied/extended to a class of DFRC-MUN optimization prob-
lems under some general setups and with other performance
considerations, some of which are discussed as follows for
future work.
• Joint spectrum and power allocation in DFRC-MUN:
In this paper, all UAVs share the same frequency band,
thus introducing interference to ground users. By dividing
the total spectrum into different orthogonal bands and
allocating them to different UAVs, the interference can
be mitigated effectively, which can potentially improve
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the network utility and decrease the complexity in radar
signal processing.
• Resource allocation in DFRC-MUN equipped with mul-
tiple antennas: In this paper, all UAVs are assumed to be
equipped with one antenna. By deploying multiple an-
tennas for UAVs, more design freedoms can be obtained;
hence, not only multi-user interference can be controlled,
but the localization accuracy can also be improved.
• UAV trajectory design in DFRC-MUN: In this paper,
the locations of the UAVs are assumed to be fixed. By
taking the UAV trajectory design into consideration, the
network utility can be further improved. However, since
the problem is highly non-convex with respect to UAV
locations, it’s challenging to solve it via conventional
optimization technique, while reinforcement learning is
a promising method.
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